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OPTIMAL ROUTE DEFINITION IN THE NETWORK BASED ON THE
MULTILAYER NEURAL MODEL

Purpose. The classic algorithms for finding the shortest path on the graph that underlie existing routing proto-
cols, which are now used in computer networks, in conditions of constant change in network traffic cannot lead to
the optimal solution in real time. In this regard, the purpose of the article is to develop a methodology for determin-
ing the optimal route in the unified computer network. Methodology. To determine the optimal route in the comput-
er network, the program model «MLP 34-2-410-34» was developed in Python using the TensorFlow framework. It
allows to perform the following steps: sample generation (random or balanced); creation of a neural network, the
input of which is an array of bandwidth of the computer network channels; training and testing of the neural network
in the appropriate samples. Findings. Neural network of 34-2-410-34 configuration with ReLU and Leaky-RelLU
activation functions in a hidden layer and the linear activation function in the output layer learns from Adam algo-
rithm. This algorithm is a combination of Adagrad, RMSprop algorithms and stochastic gradient descent with
inertia. These functions learn the most quickly in all volumes of the train sample, less than others are subject to re-
evaluation, and reach the value of the error of 0.0024 on the control sample and in 86% determine the optimal path.
Originality. We conducted the study of the neural network parameters based of the calculation of the harmonic
mean with different activation functions (Linear, Sigmoid, Tanh, Softplus, ReLU, L-ReLU) on train samples of dif-
ferent volumes (140, 1400, 14000, 49000 examples) and with various neural network training algorithms (BGD, MB
SGD, Adam, Adamax, Nadam). Practical value. The use of a neural model, the input of which is an array of chan-
nel bandwidth, will allow in real time to determine the optimal route in the computer network.

Keywords: computer network; optimal route; neural network; sampling; harmonic mean; activation function; op-
timization algorithm

shortest path on the graph used in modern routing
Introduction protocols cannot do this. One of the approaches to
solving routing problems in computer networks is
the use of neural network technology [8, 15-16].
For example, in [12] it is shown that with the help
of a neural network (NN) it is possible to find
a solution, close to the optimal, to the travelling
salesman problem and to find the shortest path on
the graph. In [3] for solving routing problems there

One of the main requirements for routing algo-
rithms is their rapid matching to an optimal solu-
tion, dictated by the need for their protocol realiza-
tion in real time in the conditions of continuous
change in the characteristics of network traffic,
topology and load of computer networks used in
the rail transport. Classic algorithms for finding the
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is studied the possibility of applying the following
neural networks: Multi Layer Perceptron; RBF
network; Hopfield network. It is established that
the most promising means for solving the routing
problem are the direct distribution neural network
and the Hopfield network, which are capable of
operating under conditions of dynamic change in
the topology of the computer network and the
characteristics of the data transmission channels
[1-2]. In particular, when using the Hopfield net-
work, additional research is required on the trans-
fer functions of the neurons and on the energy of
the neural network [18]. In [7], it was discovered
that the Hopfield network finds a satisfactory route
that differs from the optimal one by 7-8% in ave-
rage (in the case of more than 15 seats). The possi-
bility of using the Hopfield network to find the
shortest path on the route graph in the computer
network of railway transport is analysed [5-6]. In
[3], the use of the direct distribution neural net-
work created in MatLAB for the purpose of deter-
mining the route in a computer network of five
nodes was investigated. But the integrated comput-
er network of rail transport consists of a much
larger number of nodes, which requires additional
research. In particular, [20] proposed an intellectu-
al control subsystem with the use of network tech-
nology, [17] — a subsystem of prediction based on
a neural fuzzy network.

Purpose

To develop a methodology for determining the
optimal route in the unified computer network
based on the created software model «MLP34-2-
410-34» using the TensorFlow framework.

Methodology

A combined computer network that works on
different technologies can be represented as an
unoriented graph G (V, W), where V is the set of

graph vertices, the number of which is N, with
each vertex modelling a node (router) of the com-
puter network; W is the set of graph edges, the
number of which is M. Each graph edge is assigned
with a certain weight corresponding to the band-
width (the maximum amount of data transmitted
by the network per unit time):

C={c;}, (1)
where ¢; - bandwidth of the communication
channel between the i-th and j-th network nodes,

Mbps.

To solve the routing problem, it is necessary to
find the optimal path between the two routers as-
signed to the unified computer network. As an
example, we will consider a hypothetical computer
network whose structure is shown in Fig. 1

Let us introduce the array:

X ={x}, 2

— availability of traffic transmitted
within the network between the i-th and j-th
vertices. As a limit x; €{0.1}, i.e. the variable

takes value 1, if the traffic flows through the
channel (i, j); otherwise — 0.

As the criterion of optimality, the following
expression is supported:

mXinF-X, 3

where  x;

125000000
Gy
search for a path with the maximum bandwidth.
If there is no connection between the nodes of
the unified computer network, then cij=c;i=0
(hence, f; =).

where f , Which guarantees the

ij
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Fig. 1. Graph of router connections of unified computer network

Findings

Neural network as the main mathematical tool
for solving the problem. In the unified computer
network there are 30 routers and 34 communica-
tion channels. As an example, let us consider the
solution to the problem of determining the optimal
route between the nodes «12» and «1». Generally
between the indicated nodes there are 14 unique
paths.

Path 1: [12, 11, 13, 14, 15, 20, 21, 23, 1];

path 2: [12, 11, 10, 9, 8, 7, 6, 19, 2, 1];

path 3: [12, 11, 10, 9, 8, 7, 6, 5, 2, 1];

path 4: [12, 11, 10,9, 8, 7, 6, 5, 3, 2, 1];

path 5: [12, 11, 13, 14, 15, 16, 17, 18, 19, 2, 1];
path 6: [12, 11, 13, 14, 15, 20, 21, 22, 24, 26, 1];
path 7: [12, 11, 13, 14, 15, 16, 17, 18, 19, 6, 5, 2,

1];
path 8: [12, 11, 13, 14, 15, 16, 17, 18, 19, 6, 5, 3,
1];

path 9: [12, 11, 10, 9, 8, 7, 6, 19, 18, 17, 16, 15, 20,

21,23, 1J;
path 10: [12, 11, 10, 9, 8, 7, 6, 19, 18, 17, 16, 15,
20, 21, 22, 24, 26, 1];

path 11: [12, 11, 10, 9, 8,7, 6, 5, 2, 19, 18, 17, 16,

15, 20, 21, 23, 1];

path 12: [12, 11, 10,9, 8,7,6,5, 3, 2, 19, 18, 17,

16, 15, 20, 21, 23, 1];

path 13: [12, 11, 10, 9,8, 7,6, 5, 2, 19, 18, 17, 16,

15, 20, 21, 22, 24, 26, 1];

path 14: [12, 11, 10,9, 8,7,6,5, 3, 2, 19, 18, 17,

16, 15, 20, 21, 22, 24, 26, 1].

To solve the routing problem, we used the NN,
whose structure is shown in Fig. 2. To the NN in-
put, there is applied a vector of bandwidth of the
channels of the unified computer network X, which
characterizes its current state X = {xi}, where
i =1, .., m(m=34). For example, for NN, when
using the train sample of 1,400 examples, the
number of required neurons in the hidden layer is
estimated as follows:

) 34-1400
(1+log,1400) - (34 + 34)

<L<

34-(1220+1)-(34+34+1)+34

<

34 +34
Hence, 62 <L <1456.
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Output layer

Input vector Output vector

Fig. 2. Structure of multilayer NN

Sample preparation (preparatory stage). For-
mation of the sample is carried out according to the
fixed structure of the unified computer network
(see Fig. 1). The input vector X is constructed by
randomly generating channel bandwidth values
¢; » while these values are formed by a uniform

distribution onto the segments [100; 100,000,000].
The response vector Y is generated by calculating
the optimal path according to the Dijkstra algo-
rithm using the Python language of the Networkx
library (open source software library used to work
with graphs and networks).

The samples are constructed so that each of 14
unique paths is present at the same frequency. The
test sample has 700 examples, validation sample
has 700 examples, the first train sample has 140
examples (10 examples for each path), the second
train sample has 1,400 examples (100 examples for
each path), the third training sample — 14,000 ex-
amples (1,000 examples for each path), the fourth
train sample — 49,000 examples (3,500 examples
for each path).

All data is initially normalized to the range
from 0 to 1 by the formula:

X—min(X)

= — (4)
max(X) —min(X)

The structure of the resulting vector is as fol-
lows: Y =[yi2, Y126, Y120, Y1,23, Y219, Y23, Y25, Y2.4,
Y35, Y56, Y619, Y6,7, Y7.8, ¥8,9, Y910, Y1011, Y1112, Y1113,
V13,14, Y1415, Y1516, Y1520, Y1617, Y17,18, Y1819, Y2021,

Vo122, Y2123, V22,24, Y2425, Y2426, Y2627, Y2728, Y2930,
where y; €{0.1}, that corresponds to using or not

using the appropriate channel in the route.

Justifying the choice of modelling tools. To
solve the routing problem in the unified computer
network, the Keras library was selected using Ten-
sorFlow and Numpy in the Python programming
language [9-11, 13-14, 19].

Keras is an open neural network library in Py-
thon language capable of working on top of
Deeplearning4, TensorFlow and Theano, designed
for quick neural network deep learning experi-
ments.

TensorFlow is an open source software library
for machine learning. It is the second-generation
GoogleBrain machine learning system released as
open source software.

Numpy is an extension of the Python language
that supports large, multidimensional arrays and
matrices, along with a library of high-level mathe-
matical functions for operations with these arrays.

Python is an interpreted object-oriented high-
level programming language with strict dynamic
typing. High-level data structures, along with dy-
namic semantics and dynamic linking, make it at-
tractive for rapid development of applications, as
well as a tool for existing components. Python
supports modules and module packages, which
facilitates modularity and reuse of the code. Python
interpreter and standard libraries are available both
in compilation and in source form on all major
platforms. Python programming language supports
several programming paradigms, including: object-
oriented; procedural; functional; aspect-oriented.

Structure of MLP 34-2-410-34 software model.
MLP 34-2-40-34 software model, created for mo-
delling and research, consists of the main module
«Main» and the following classes: Generator,
MLPModel, NetworkX, Matplotlib, Keras.Model,
Metrics, Tensorflow. The main module «Mainy
provides the menu tasks: 1 — sample generation;
2 — neural network training; 3 — neural network
testing. «Generator» performs a sample preparation
in two modes: random (calculating the random
number of examples for each path, Fig. 3, a); bal-
anced (the same number of examples for each pos-
sible path, Fig. 3, b). For example, a sample of 140
examples in balanced mode takes 5 minutes, while
in random mode it takes less than one minute.
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a b

&) Figure 1 = B %)

Figure 1

Fig. 3. Generation of sample:
a —random; b —balanced

«MLPModel» creates a neural network of 34-2-
X-34 configuration (where X is the possible hum-
ber of hidden neurons) and performs the following
steps: training; testing; control on the correspond-
ing samples and their normalization.

«NetworkX» (standard class) builds a graph of
the computer network (Graph), calculates the exist-
ing paths between stations (all_simple_paths), the
path between the specified stations according to
the Dijkstra algorithm (bidirectional_dijkstra).

«Matplotliby (standard class) builds a pie chart
and histogram to show the ratio of the number of
examples for each path.

«Keras.Model» (standard class) performs com-
pilation in accordance with the given configuration
of the neural network (compile), represents the
standard functions (fit, predict) that are used during
the training and testing of the neural network.

«Metrics» performs the calculation of the pro-

bability of the optimal and of correct answers.

«TensorFlowy (standard class) is called by the
«Keras.Model» class when performing the appro-
priate calculations.

The overall structure of MLP 34-2-40-34 soft-
ware model is shown in Fig. 4

In order to be able to unambiguously compare
the NN models in two parameters — the probability
of optimal responses and the probability of correct
responses, we entered the value of the harmonic

mean, which is calculated by the following
formula:
_ 2poptpcor (5)
popt +pcor !

where p°® — probability of optimal responses,
p™" — probability of correct responses.
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Fig. 4. Structure of MLP 34-2-40-34 software model

follows:

which corresponds to the following connection of
routers in the network:1-23, 11-12, 11-13, 13-14,
14-15, 15-20, 20-21, 21-23. The resulting path is

shown in Fig. 5
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é/—-‘: \ )

Fig. 5. The resulting optimal path consisting of channels:
12-11, 11-13, 13-14, 14-15, 15-20, 20-21, 21-23, 23-1

Study of the NN training effectiveness for dif- epochs for different numbers of hidden neurons:
ferent number of neurons in the hidden layer. The L:{62,410, 760,1110,1456}.
study on the NN model was performed using the
stochastic gradient descent algorithm (batch size
64) with Adam optimization (training speed
a = 0.001, inertia B, =0.9, RMSprop 3, =0.999,

decay =10") on 1,400 study examples, over 1,000

The results of the experiment are shown in
the Table 1. From the table it is clear that for the
train sample the best result of 0.99 is already
achieved with 410 neurons in the hidden layer.

Table 1
Study of NN for different number of hidden neurons

Number of hidden neurons 62 410 760 1110 1456

p"pt 0.77 | 0.99 | 0.99 0.99 0.99

Train sample e 081 | 0.99 | 0.99 | 099 | 0.992

H 0.79 | 0.99 | 0.99 0.99 0.99

po 055 | 052 | 051 | 052 0.51

Test sample p™ 0.71 0.7 0.69 0.7 0.71

H 0.62 0.6 0.59 0.6 0.59
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The NN training process is illustrated in the ob-
jective function-epoch dependency graphs for the
train and test samples in Fig. 6-10.
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Fig. 6. The 34-2-64-34 NN error-epoch dependency graph on samples:
a — train; b — test
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Fig. 6. The 34-2-410-34 NN error-epoch dependency graph on samples:
a —train; b — test
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Fig. 6. The 34-2-760-34 NN error-epoch dependency graph on samples:
a —train; b — test
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Fig. 6. The 34-2-1110-34 NN error-epoch dependency graph on samples:
a — train; b — test
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Fig. 6. The 34-2-1456-34 NN error-epoch dependency graph on samples:
a — train; b — test

Figures 6-10 show that all of the proposed NN
models feature re-training after the 200" epoch.
Since the NN model of 34-2-410-34 configuration
gives the best result for a relatively small number
of neurons, it is selected for further research as the
most promising one.

Study of the NN training effectiveness for vari-
ous activation functions and train sample sizes.
The efficiency of the 34-2-410-34 NN model is
studied for various neuron activation functions in
the hidden layer. The output layer has a linear acti-
vation function. The training was carried out using

the stochastic gradient descent algorithm (batch
size 64) with Adam optimization (learning speed o
= 0.001, inertia B,=0.9, RMSprop ,=0.999,

decay =10"°) for 1,000 epochs. Experiments were

performed for various activation functions in the
hidden layer (linear, sigmoid, hyperbolic tangent,
Softplus, ReLU, Leaky-ReLU o = 0.1; Table 2)
and for different train sample sizes (140, 1,400,
14,000 and 49,000 examples). The results of NN
modelling are given in Table 2-4, the NN training
process is illustrated in Fig. 11-14.
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Fig. 11. The MSE error-epoch dependency graph for train and test samples of 140 examples:

The study showed that NN training for Softplus  further training. In addition, one can see the attri-
and Sigmoid activation functions did not stop, and  butes of the NN re-training for Tanh and Softplus
it is possible to achieve greater accuracy during activation functions.

Table 2
Study of NN for various activation functions on train sample of 140 examples
Activation function Linear Sigmoid Tanh Softplus ReLU L-ReLU

p* 0.28 0.58 1 0.78 1 1
Train sample %" 0.32 0.61 1 0.78 1 1
H 0.3 0.6 1 0.78 1 1

p 0.07 0.17 0.03 0.1 0.16 0.16

Test sample e 0.11 0.29 0.05 0.18 0.25 0.28

H 0.09 0.21 0.04 0.13 0.19 0.2

The table shows that on the small volumes of in training data was shown by the activation func-
data the activation functions Sigmoid, ReLU and tions Tanh, ReLU, Leaky-RelLU, so they can be
Leaky-ReL U showed themselves the most success-  considered promising for larger sample sizes.
fully on the test sample. The best result of accuracy

0.120 0.170 &4 O tanh
\ * 0150 (O softplus
0.0800 \ 0.130 (O leaky-ReLU
0.0400 | \\ e p - O FRelt
:k \ 0.0900 () sigmoid
0.00 0.0700 (O linear
0000 3000 6000  900.0 0.000 200.0 400.0 600.0 800.0 1.000k

Fig. 12. The MSE error-epoch dependency graph for train and test samples of 1,400 examples.
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Table 3
Study of NN for various activation functions on train sample of 1,400 examples
Activation function Linear Sigmoid Tanh Softplus RelLU L-RelLU

p 0.2 0.98 1 0.99 1 1
Train sample pe" 0.24 0.99 1 0.99 1 1
H 0.22 0.98 1 0.99 1 1

p 0.19 0.53 0.06 0.3 0.46 0.46

Test sample p* 0.24 0.7 0.06 0.35 0.61 0.61

H 0.21 0.6 0.6 0.32 0.53 0.52

test sample. Except for the linear activation func-
tion, all functions have given maximum accuracy
on the training data.

The table shows that on the average data
volumes, Sigmoid, Tanh, ReLU and Leaky-RelLU
activation functions were most successful on the

Table 4
Study of NN for various activation functions on train sample of 14,000 examples
Activation function Linear Sigmoid Tanh Softplus RelLU L-RelLU

p™ 0.2 1 0.99 0.99 1 1
Trainsample | joor 0.24 1 0.99 0.99 1 1
H 0.22 1 0.99 0.99 1 1

p™ 0.19 0.66 0.57 0.61 0.76 0.74

Test sample p™r 0.24 0.78 0.63 0.67 0.86 0.83

H 0.21 0.71 0.6 0.64 0.81 0.79

The table shows that on the data volumes big- the test sample. Except for the linear activation
ger than the average, Sigmoid, ReLU and Leaky- function, all functions have given maximum accu-
ReLU activation functions were most successful on  racy on the training data.

0.0700 % O tanh
0.0600
O softplus
0.0600
0.0400 () leaky-ReLU
0.0200 0.0500 ¥ () RelU
v sigmoid
0.00 0.0400 . O 9
O linear
0000 3000 6000 9000 0.000 200.0 4000 600.0 800.0 1.000k
Fig. 13. The MSE error-epoch dependency graph
for train and test samples of 1 14,000 examples
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Table 5
Study of NN for various activation functions
on train sample of 49,000 examples
Activation function Linear Sigmoid Tanh Softplus RelLU L-ReLU
p* 0.2 1 0.96 1 1 1
Train sample p®" 0.24 1 0.96 1 1 1
H 0.22 1 0.96 1 1 1
po 0.19 0.81 0.8 0.76 0.83 0.85
Test sample p™" 0.24 0.86 0.84 0.8 0.9 0.9
H 0.21 0.83 0.82 0.78 0.86 0.88
O tnh
0.120 0.120 e
o () softplus
0.0800 0.0800 () leaky-ReLU
0.0400 0,0400 Gt
() sigmoid
0.00 - 0.00
| () linear
0.000 300.0 600.0 900.0 0.000 300.0 600.0 900.0

Fig. 14. The MSE error-epoch dependency graph for train
and test samples of 49,000 examples

The resulting NN of 34-2-410-34 configuration
with the activation function Leaky-ReLU (a = 0.1)
in the hidden layer and the linear activation func-
tion in the output layer after training with 49,000
examples for 1,000 epochs reached MSE value of
0.0024 on the control sample and in 86% deter-
mines the optimal path.

Originality and practical value

The NN of 34-2-410-34 configuration with ac-
tivation function Leaky-ReL.U (o = 0.1) in the hid-
den layer and with linear function in the output

layer was studied. Experiments were conducted for
various training optimization algorithms during
100 epochs for the sample size of 49,000 exam-
ples. The results of experiments are shown in the
table 6, the training process is illustrated in Fig. 15.

According to the results of experiments, it is
evident that the NN in the classical gradient de-
scent learns very slowly; the NN in the stochastic
gradient descent shows a significant improvement.
Adam, AdaMax and Nadam training algorithms
showed almost identical results.
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Table 6
Study of NN of 34-2-410-34 configuration by different algorithms
Algorithm BGD MB SGD Adam Adamax Nadam
opt 0 0.09 0.99 0.96 0.99
Train sample eor 0 0.1 1 0.97 0.99
H 0 0.1 0.99 0.96 0.99
p°pt 0 0.11 0.87 0.85 0.87
Test sample eor 0 0.12 0.92 0.9 0.92
H 0 0.11 0.89 0.87 0.9
0.450 \‘ 0.450 \. VRS Adam
0.350 0.350 () BGD
0250 0250 () MBSGD
0.150 0.150 ﬂ (") Adamax
00500 | N 00500 N o O Nadam

. -8
0.000 20.00 40.00 60.00 80.00 100.0

0.000 20.00

40,00 60.00 80.00 100.0

Fig. 15. The MSE error-epoch dependency graph for train
and test samples for different training algorithms

Conclusions

1. The routing problem in the unified com-
puter network is solved based on the developed
software model «MLP 34-2-410-34» using the Py-
thon language and the TensorfFow framework,
which allows generating the samples: train (140, 1
400, 14,000, 49,000 examples); test (700 exam-
ples); control (700 examples), as well as modelling
the work of the neural network and studying its
parameters.

2. Efficiency was studied based on the har-
monic mean of the NN of 34-2-X-34 configuration
with sigmoid activation function in the hidden lay-
er and linear function in the output layer for differ-
ent number of hidden neurons: 62; 410; 760;
1110; 1456. During NN training we used the

modern Adam algorithm for optimizing stochastic
gradient descent with recommended hyperparame-
ters: learning speed a = 0.001; inertia 3, =0.9;

RMSprop B, =0.999; decay=10"°. The study

showed that the accuracy of the neural network can
be reached with 410 hidden neurons, and the fur-
ther increase does almost nothing to improve the
results.

3. Efficiency was studied based on the har-
monic mean of the NN of 34-2-410-34 configura-
tion under different activation functions: linear;
sigmoid hyperbolic tangen-som; Softplus, ReLU;
Leaky-RelLU using the Adam algorithm on train
samples of different size (140, 1 400, 14,000, 49
000 examples). The study has shown that the acti-
vation functions ReLU and Leaky-ReL U train the
most rapidly at all levels of the train sample and
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less than other activation functions are subject to
re-training. The NN of 34-2-410-34 configuration
for activation functions Tanh and Softplus can
achieve 100% accuracy on the train sample, but
these functions are less slowly learned than ReLU
and Leaky-ReLU and are strongly subject to re-
training with insignificant sizes of the train sample
(140, 1,400 and 14,000 examples). When using the
sigmoid activation function, the neural network is
also retrained, but with a large size of train exam-
ples (49,000 examples) it is able to achieve accura-

cy (83%) close to Leaky-ReLU (88%) or ReLU
(86%0).

4. Efficiency of the NN of 34-2-410-34 con-
figuration was studied with activation function
Leaky-ReLU (a = 0.1) in the hidden layer and with
linear function in the output layer. Experiments
were conducted by different optimization algo-
rithms (BGD, MB SGD, Adam, Adamax, Nadam)
during 100 epochs with the train sample of 49,000
examples. Adam, Adamax, and Nadam algorithms
showed almost identical results, with 89, 87, and

10.

11.

12.

13.

14.

90% accuracy, respectively.
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BU3HAYEHHSI OITUMAJIBHOI'O MAPHIPYTY B KOMIT’IOTEPHI
MEPEKI 3ACOBAMU BATATOIIAPOBOI HEMPOHHOI MOJIEJII

Meta. Kitacu4Hi arOpuT™MH MOIIYKY HAHKOPOTIIOro HIIAXY Ha rpadi, 110 JiexaTh B OCHOBI HassBHUX MPOTOKO-
JIB MapuIpyTHU3allii, sIKi CbOroJ{HI BAKOPHCTOBYIOTh Yy KOMII' IOTEPHUX MEpexax, B yMOBaX MOCTIHHOI 3MiHM 3aBaH-
Ta)XEHOCTI Mepeki He MOXKYTh NPUBECTH IO ONTHMAJILHOTO PIICHHS B peaJbHOMY 4aci. Y 3B’S3Ky 3 MM METOIO
CTaTTi € PO3pPOOHUTH METOIWKY BH3HAUCHHS ONTHUMAIBFHOIO MapHIpyTy B 00’€THAHIM KOMIT IOTCpHIH Mepexi.
Metoauka. /11 BU3HAYCHHS ONTAMAITEHOTO MapIIPYTy B 00’ €THAHIE KOMIT TOTePHI Mepexi, ITI0 TIPAIFOE 32 PI3HUMH TEXHOO-
rismy, po3pobneHo Ha Mol Python i3 Buxopucranusm ¢dpeiimBopky TensorFlow mnporpamMHy Mojenb
«MLP 34-2-410-34». Bona no3Boiisic BAKOHYBAaTH HACTYIIHI €TaIly: TeHEepaIlilo BHOIpKH (BUMAIKOBY abo 30amaHco-
BaHy); CTBOPCHHS HEHPOHHOI MEpekKi, Ha BXiJ SKOi MOJal0Th MAaCHB MPOIYCKHHUX CIPOMOYKHOCTEH KaHAJIB
KOMIT FOTEPHOI MEpeXi; HaBYaHHS W TeCTyBaHHs HEHPOHHOI Mepexi Ha BianoBigHux BuOipkax. Pesyabrarn. Heii-
poHHa Mepexa koHdirypauii 34-2-410-34 3 ¢pynkuismu aktuBauii ReLU ta Leaky-ReLU y nmpuxoBanomy mapi ta
NiHIAHOK (YHKIIEI0 akTUBalii y BUXIZIHOMY Iapi HaBYaeThes 3a anroputMoM Adam. Lleit anropurm € komOiHali-
eto anroputmiB Adagrad, RMSprop Ta cToXacTH4HOTrO IpaJieHTHOTO CITyCKY 3 iHepiii€to. 3a3HaueHi (QyHKIIT HaB-
YarThCs HAMOIIBII IMBUIKO HA BCiX 00Csrax HaBYajgbHOI BHOIPKM, MEHII 3a iHII MiAJAIOThCS MEPEHABYAHHIO,
i nmocsraioTh 3HadeHHs noMmwikd B 0,0024 Ha KoHTpoOnbHIM BuOipmi W y 86 % BH3HA4Yae ONTUMAaNbHUH NUIAX.
HayxoBa HoBu3Ha. [IpoBeneHo mociikeHHs ITapaMeTpiB HEHPOHHOI MepeXi Ha OCHOBI pPO3paxyHKy CEpelHbOTO
rapMoHIHHOTO 32 pi3HMX QyHKIIH aktuBanii (Linear, Sigmoid, Tanh, Softplus, ReLU, L-ReLU) na HaB4ansHux
BUOipKax pizHoro ob6esry (140, 1400, 14 000, 49 000 npuknaniB) Ta 3a pi3HUMHU aJropuTMaMy ONTHMI3alii HaB-
vyaHHs HeiipoHHoi Mepexi (BGD, MB SGD, Adam, Adamax, Nadam). IIpakTu4yHa 3HauuMicThb. BukopucranHs
HEHpOHHOT MOJeli, Ha BXif SKOI I0JIal0Th 3HAYCHHS MPOITyCKHUX CHPOMOXKHOCTEH KaHaNiB, JO3BOJHThH Yy peab-
HOMY 4aci BU3HAYUTH ONTHMAJIbHMAN MapIIPyT B 00 €IHAHIN KOMIT IOTEpHIN MEpexKi.

Kniouosi crnosa: KoMI’l0oTepHa Mepexa; ONTUMAILHANA MapIIpyT; HEHPOHHA Mepexa; BUOIpKa; CepeHe TapMo-
HiliHe; QYHKIlisl aKTHBAIlii; aITOPUTM ONTUMI3AIlil
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OHNPEJAEJIEHUE OIITUMAJIBHOT'O MAPIIPYTA _ _
B KOMIIbIOTEPHOU CETH CPEACTBAMU MHOI'OCJIOMHOU
HEWMPOHHOU MOJEJIN

Heas. Knaccuyeckne aaropuTMbl MOUCKa KpaT4anIIero MmyTH Ha rpade, 9To JIS)KAaT B OCHOBE CYIIECTBYIOIINX
MPOTOKOJIOB MapUIpyTH3alluH, KOTOPbIE CErOAHS MCIOJIb3YIOT B KOMIBIOTEPHBIX CETSAX, B YCIOBHUIX MOCTOSIHHOTO
W3MEHEHHMs 3arPY)KEHHOCTH CETH HE MOTYT IIPUBECTH K ONTHMAJIbHOMY PEIICHHIO B PEalbHOM BpeMeHH. B cBsizu
C 9THM LEJbI0 CTaThH SBJISIETCS Pa3padoTaTh METOAMKY OIPEJeNIeHNs] ONTUMAJIBHOTO MapIlpyTa B 00beJMHEHHOM
KOMITbIOTepHOU ceTd. MeToauka. J[is onpenenenns ONTUMAIBHOTO MaplipyTa B 00beIUHEHHOW KOMIbIOTEPHOM
CeTH, KoTopas paboTaeT MO pa3sHBIM TEXHOJOTHSAM, HamMcaHa Ha s3pike Python c¢ ucmone3oBanueM QpeiiMBopKa
TensorFlow mporpammuas moaenb «MLP 34-2-410-34». Ona m03BONSET BBIMOIHATH CICAYIOIINE ITAlbl: TeHEpa-
LU0 BBIOODPKH (CITydaiHyI0 MM cOalaHCHPOBAHHYIO); CO3ZaHHEe HEHPOHHOM CETH, Ha BXOJ KOTOPOH MOAAIOT Mac-
CHB MPOITYCKHBIX CIIOCOOHOCTEH KaHAJIOB KOMIIBIOTEPHOM CEeTH; 0OydeHHE W TECTHPOBaHHE HEHPOHHOW CETH Ha
COOTBETCTBYIOIUX BeIOOpKax. Pe3yabTaTsl. HeliporHas cetb koHurypanun 34-2-410-34 ¢ pyHKIUIME aKTHBa-
un ReLU u Leaky-RelLU B ckpbITOM clioe ¥ TMHEWHOH (pyHKIMEH aKTHBAIIMY B PE3yJIbTUPYIOIIEM cJIoe 00ydaeTcs
no anroputMmy Adam. Dtot anroputm siBiseTcs komObuHanueit aaropurmoB Adagrad, RMSprop u croxactuueckoro
TPaJMEHTHOTO CITyCKa C MHEpILMeH. YKa3aHHble (pyHKINHU ydarcst Hauboiee OBICTPO Ha BceX 0ObeMax ydeOHOH BBI-
OOpKH, MEHBIIIC IPYTHX MOJIAIOTCS MEPEOOYUCHHIO, U JAOCTHraroT 3HaueHus omuOku B 0,0024 Ha KOHTPOIBHOM
BBIOOpKE U B 86 % ompenessioT onTuMaibHbd yTh. HayuHnast HoBu3Ha. [IpoBeneHoO nccienoBaHue mapamMeTpoB
HEWPOHHOM CETH Ha OCHOBE pacyeTa CPEHEr0 TapMOHHYHOTO MPHU pa3HbIx GpyHKIMIX akTuBanuu (Linear, Sigmoid,
Tanh, Softplus, ReLU, L-RelLU) na yueOubIX BoIGOpKax pasuoro oobema (140, 1 400, 14 000, 49 000 npumepoB)
M 3a Pa3IMYHBIMU aJrOPUTMAMH ONTHMHU3ANWU 00yueHus Heiiponuou cern (BGD, MB SGD, Adam, Adamax,
Nadam). IpakTuyeckasi 3HAYUMOCTh. VC0Ip30BaHNE HEHPOHHOW MOJENH, HA BXO/ KOTOPOM IMOJAI0T 3HAYCHUS
MIPOITYCKHBIX CHOCOOHOCTEH KaHaJIOB, TIO3BOJIMT B peajlbHOM MacITabe BPeMEHN ONPEIeNUTh ONTUMAIbHBIN MapI-
PYT B 00bEANHEHHON KOMITBIOTEPHOH CETH.

Kniouegvie cnosa: xoMublOTEpHas CETh; ONTUMAIBHBIA MapIIpyT; HEHPOHHAS CETh; BHIOOpKA; CpelHee rapMo-
HUYHOE; (DYHKIHS aKTHBAIMH; aJITOPUTM ONTUMU3AINH
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